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The purpose of this paper is to examine the relationship between intellectual capital and 
firms’ financial and market performance during the peak levels of digitalization, focusing 
on the COVID-19 Pandemic. Utilizing the recently validated Value Added Intellectual 
Coefficient (VAIC), alongside its necessary controls, I conduct an empirical analysis on 
North American firms over the period of 2010-2020 using fixed effects and pooled ordinary 
least squares analysis. Findings from the empirical analysis provide evidence that 
intellectual capital is a driving factor in enhancing firms’ financial and market 
performance. Additionally, results indicate that the COVID-19 pandemic increased the 
impact of intellectual capital on firms’ financial performance. Overall, the empirical 
findings suggest that intellectual capital is a significant factor in firms’ financial and market 
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The final quarter of the 20th Century marked the transition from an industrial-based 
economy to a knowledge-based economy. This shift signified a change in how value is 
created within an organization. Value creation is no longer fueled by solely ramping up 
production, but rather increasing the intelligence of products, services, and operations 
(Pulic (2000)). In other words, the focus on tangible assets in the industrial age shifted to 
intangible assets in the knowledge age (Chareonsuk et al. (2010)). As a result, the strategic 
management of these intangible assets is a major point of interest in the research field. 
Empirical findings show that intangibles are crucial in fostering firm performance. They 
indicate that no matter how large a corporation’s asset portfolio is, strategic resources must 
be present (Denicolai et al. (2015)). However, it must be noted that while most intangible 
assets do not qualify as strategic assets, intellectual capital is generally considered to be a 
critical strategic asset (Mouritsen (1988)).  
 Intellectual Capital assets are the intangible assets that contribute to a firm’s bottom 
line. Across the literature, intellectual capital is considered to be made up of three 
components: human capital (i.e. employees, training, skills, etc.), structural capital (i.e. 
systems, procedures, databases, company culture, immaterial rights, etc.), and relational 
capital (i.e. external relationships, brands, agreements, etc.). Prior research indicates that 
the accurate management of intellectual capital is critical as it significantly contributes to 
firm wealth (Zambon et al. (2019)). Since only a fraction of the scope is captured by the 
balance sheet, prior empirical research utilizes various models that attempt to measure 
intellectual capital. Pulic’s (2000) Value Added Intellectual Coefficient (VAIC) is a 
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frequently used approach to measure intellectual capital. The VAIC is a proxy for 
intellectual capital that measures the amount of value creation attributable to intellectual 
capital, solely utilizing accounting information. In this study, VAIC is used it as the main 
measure to proxy for these types of intangibles. 
Furthermore, the 21st century represents the exponential rise of digitalization. Two 
decades into the century, nearly every aspect of economic activity in society is penetrated 
by digital technology. Digitalization intrinsically reduces points of friction in business and, 
therefore, insinuates that intellectual capital assets are more capable yet competitive than 
ever before. While that comes as an advantage to the economy as a whole, the widespread 
use of digital technologies is significantly impacting the formation and use of intellectual 
capital (Pirogova et al. (2020)). This implies that the management of intellectual capital 
assets is more important than ever before and, therefore, so is every marginal change in 
intellectual capital efficiency. 
On top of the impact of digitalization, the world was hit with an unprecedented crisis 
in 2020. The COVID-19 pandemic necessitated stay-at-home orders across the globe, and 
aggressive restrictions still ensue today as the pandemic persists. Corporations were forced, 
and are still forced in some respects, to continue operating without being able to leverage 
their physical assets to drive firm performance. Hence, they relied on, and continue to rely 
on, leveraging their intellectual capital assets at unseen levels to continue fueling corporate 
performance despite a crippling economic environment.  
As a result of these factors, the purpose of this study is to examine the relationship 
between intellectual capital and firms’ financial and market performance. This study 
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contributes to the existing literature in the following ways: (1) it utilizes the recently 
validated VAIC application per Bassetti et al. (2020) to measure the impact of intellectual 
capital on North American firms’ financial and market performance, (2) it uses 
specifications of the Ohlson model (1995) similar to those outlined by Schipper and Francis 
(1999) to justify using accounting information to predict market values, and (3) it analyzes 
a time characterized by the age of digitalization and takes an in-depth look at the onset of 
the COVID-19 pandemic – a period in which intellectual capital was one of the few assets 
firms could rely upon.   
The empirical findings provide evidence that intellectual capital enhances firms’ 
financial and market performance. Furthermore, my results indicate the age of 
digitalization is enhancing the role of structural capital in relation to conventional human 
capital. On top of that, this study provides evidence that the remote work environment 
caused by the COVID-19 pandemic significantly increased the impact of intellectual 
capital efficiency, and structural capital efficiency in particular, on firms’ financial 
performance. The implications of this are immense because it appears that many aspects of 
remote work are here to stay, and thus, intellectual capital could have an increased impact 
on firms’ financial performance for the foreseeable future.  
The remainder of this paper proceeds as follows. Section (2) introduces the VAIC 
measure, discusses related empirical research, and touches on the Ohlson model (1995). 
Section (3) presents the research hypotheses, a more in-depth look at the Ohlson model 
(1995), panel analytical approaches, and resulting regression models. Section (4) 
introduces the variables – including an in-depth derivation of the VAIC – and displays the 
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sample information. Section (5) presents the empirical results, robustness checks, and 
limitations. Section (6) concludes the research results and suggests further avenues of 
research.  
2. Literature Review 
The VAIC is a measure that displays the amount of new value created by each monetary 
unit invested in resources. The higher the coefficient, the better a firm’s intellectual capital 
is at creating value for its stakeholders (Pulic (2008)). In other words, VAIC is a measure 
of intellectual capital efficiency – the effectiveness of intellectual capital in creating firm 
value. Many researchers choose to use VAIC as a proxy for intellectual capital because it 
is composed of standardized accounting numbers that can be compared across firms and 
countries. Unlike many other measurements of intellectual capital across literature, it is an 
objective and easy-to-use proxy. Prior literature utilizing the VAIC concerns a wide range 
of topics. The topics in relation to this study are the relationships between intellectual 
capital and market value (Chen et al. (2005), Frier et al. (2003)) and financial performance 
(Chen et al. (2005), Frier et al. (2003), Riahi-Belkaoui (2003), Komnenic et al. (2012)). 
These studies span the globe in terms of representation as they include samples from 
Taiwan, South Africa, United States, and Serbia. However, there are mixed results among 
the group in terms of the relationship between intellectual capital and the respective firm 
measure. For instance, Chen, Cheng, and Hwang (2005) find that intellectual capital has a 
significantly positive impact on market value and financial performance for Taiwanese 
firms whereas Frier and Williams (2003) find that intellectual capital carries nowhere near 
 9 
the weight that physical assets do in determining market and firm performance in South 
African firms.  
At first glance, it is easy to attribute the discrepancies in results to the differing 
economies, but most of the discrepancy lies in the measurement tool itself. Due to the 
frequent use and varying findings provided by using VAIC, there have been multiple 
critical analyses of the measurement. Ståhle, Ståhle, and Aho (2011) argue that VAIC does 
not measure intellectual capital but rather the efficiency of the company’s labor and capital 
investments. Iazzolino and Laise (2013) restored some value in VAIC by concluding that, 
while it may not be a direct proxy for intellectual capital, it is viable to utilize it as a 
multidimensional measure of intellectual capital. Nevertheless, the inherent limitations of 
VAIC were exploited, but that left researchers with no guidance on how to overcome the 
limitations of VAIC. This is where Bassetti, Dal Maso, Liberatore, and Mazzi (2020) enter 
the conversation.  
In an attempt to fill this crucial gap, they take a critical look at VAIC and end up 
validating its use given the use of a set of controlled variables. Through empirical results 
from a cross-country panel of 50,310 firm-year observations spanning from 2000-2017, 
they show that the VAIC largely depends on exogenous factors. To mitigate the 
measurement biases of these exogenous factors, they recommend controlling for a firm’s 
interest rate, labor share, and capital share. In doing so, the association between VAIC and 
firm performance becomes weaker but still lies in statistically significant territory. 
Consequently, although acknowledging that costly and complicated approaches including 
integrated reporting, business models, and key performance indicators provide a more 
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exhaustive explanation of the contribution of intellectual in creating value, they recognize 
that VAIC offers a ready-to-use measure using objective accounting numbers that can show 
a relation between intellectual capital and value creation. 
This study builds on Bassetti, Dal Maso, Liberatore, and Mazzi’s (2020) results by 
using their modified application of VAIC to measure the relation between intellectual 
capital and market value as well as financial performance. As mentioned previously, VAIC 
is a measure solely composed of accounting information. Hence, when attacking the 
question of whether a firm’s VAIC can predict its market value, I believe there should be 
justification for linking accounting information and market value. Therefore, unlike 
previous literature utilizing the VAIC, I utilize the Ohlson model (1995) as the foundation 
of my estimation that justifies the use of accounting numbers to predict market values. 
Regarded as one of the most highly touted and impactful models in financial accounting 
research (Lo et al. (2000)), the Ohlson model (1995) provides a simple yet descriptive 
representation of the accounting and valuation process. The idea behind utilizing the 
Ohlson model is to gauge an accurate and justified representation of VAIC’s explanatory 
on market value. To further differentiate this study, the sample consists of North American 
firms during a more recent and relevant timeline of 2010-2020 – a decade defined by 









 If intellectual capital is considered a critical strategic asset (Mouritsen (1988)), a 
valuable resource for firms’ competitive advantages (Chen et al. (2005)), and the accurate 
management of it significantly contributes to firm wealth (Zambon et al. (2019)), then I 
expect it to have a significantly positive impact on financial and market performance. 
Accordingly, utilizing VAIC as a proxy for intellectual capital efficiency, my first four 
hypotheses are as follows: 
H1a: Firms with greater intellectual capital efficiency are associated with better financial 
performance, ceteris paribus. 
H1b: Firms with greater intellectual capital efficiency are associated with better market 
performance, ceteris paribus.  
VAIC is an aggregate measure for intellectual capital efficiency which can be 
decomposed into its three major components – human capital efficiency (HCE), structural 
capital efficiency (SCE), and capital employed efficiency (CEE). Since VAIC is the sum of 
the three components, it is possible to estimate their contributions in addition to the overall 
VAIC effect. Thus, I also analyze the impact of the three components of VAIC on firms’ 
financial and market performance. My hypotheses concerning the three components of 
VAIC are as follows:  
H2a: Firms with greater human capital efficiency are associated with better financial 
performance, ceteris paribus. 
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H2b: Firms with greater human capital efficiency are associated with better market 
performance, ceteris paribus.  
H3a: Firms with greater structural capital efficiency are associated with better financial 
performance, ceteris paribus. 
H3b: Firms with greater structural capital efficiency are associated with better market 
performance, ceteris paribus. 
H4a: Firms with greater capital employed efficiency are associated with better financial 
performance, ceteris paribus. 
H4b: Firms with greater capital employed efficiency are associated with better market 
performance, ceteris paribus. 
A key scope of this study is the COVID-19 pandemic. The onset of the pandemic 
caused an unprecedented crisis for firms as they were forced, and are still forced in some 
respects, to continue operating while only being able to leverage a fraction of their physical 
assets. Thrown into an unforeseen remote work environment, firms had to rely on their 
intellectual capital assets to drive firm and market performance because their physical 
assets were not of much use. Hence, I examine if intellectual capital efficiency, as well as 
its three components, displayed a greater impact on financial and market performance in 
2020 relative to previous years. Therefore, my hypotheses are as follows: 
H1c: Intellectual capital efficiency in 2020 is associated with a greater impact on a firm’s 
financial performance relative to previous years, ceteris paribus.   
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H1d: Intellectual capital efficiency in 2020 is associated with a greater impact on a firm’s 
market performance relative to previous years, ceteris paribus.   
H2c: Human capital efficiency in 2020 is associated with a greater impact on a firm’s 
financial performance relative to previous years, ceteris paribus.   
H2d: Human capital efficiency in 2020 is associated with a greater impact on a firm’s 
market performance relative to previous years, ceteris paribus.   
H3c: Structural capital efficiency in 2020 is associated with a greater impact on a firm’s 
financial performance relative to previous years, ceteris paribus.   
H3d: Structural capital efficiency in 2020 is associated with a greater impact on a firm’s 
market performance relative to previous years, ceteris paribus.   
H4c: Capital employed efficiency in 2020 is associated with a greater impact on a firm’s 
financial performance relative to previous years, ceteris paribus.   
H4d: Capital employed efficiency in 2020 is associated with a greater impact on a firm’s 
market performance relative to previous years, ceteris paribus.   
These additional hypotheses are implemented by including a 2020 indicator and its 
interactions with the explanatory variables.  
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The Ohlson Model 
 
This study differentiates itself from other VAIC and market value empirical studies 
by justifying the use of accounting information to predict market values. Regarded as one 
of the most impactful models in financial accounting research (Lo et al. (2000)), the Ohlson 
model (Ohlson (1995)) provides a theory-based justification for the regression 
specifications used in this study. Beginning with the classic dividend discount model, a 
quantitative model used for predicting the market value of a firm based on the theory that 
its present-day market value is equal to the present value of the sum of all of its future 
dividend payments, Ohlson shows that you can equivalently represent dividends with 
accounting figures. Specifically, the Ohlson model (1995) states that a firm’s market value 
is equal to its book value today plus its excess or abnormal earnings in the future. Hence, 
if the dividend discount model is correct in theory, then the Ohlson model (1995) is also 
correct in theory.  













The Ohlson model (1995): 







where BV is book value, &" is the cost of equity, X is abnormal earnings, and MV is market 
value.  
 The issue with implementing the Ohlson model (1995) in practice is dealing with 
the infinite abnormal earnings component. Using a finite version of the Ohlson model 
(1995) is the way to get around it: 










 Even with the finite version of the Ohlson model (1995), an issue persists in studies 
that include firms that are still operating in the present. The issue is forecasting firms’ 
future abnormal earnings. Similar to any form of forecasting, there is a degree of 
uncertainty. As a practical matter, since future abnormal earnings tend to be mitigated by 
competition, the Ohlson model has an advantage over the dividend discount model, which 
is often heavily influenced by a terminal value several years in the future. However, this 
does not remove the difficulty of specifying an appropriate future evolution of abnormal 
earnings leading to an implementable model.  
Fortunately, previous researchers including Francis and Schipper (1999) utilize 
versions of the Ohlson model that can be implemented with samples that contain firms that 
are expected to operate in the future. Although they are not perfect representations of the 
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Ohlson model (1995), models such as these are accepted as standard approaches to 
empirically implementable specifications in the accounting literature that uses accounting 
information to predict market value. The specification most applicable to this study is as 
follows for firm i in year t: 
!"),! = .+,! + .',!+"),! + .,,!'/&0),! + 1),! 
where MV is market value, BV is book value, and EARN is earnings before extraordinary 
items. I use the approach of embedding the VAIC, alongside some necessary controls, 
within the structure of the Schipper and Francis implementation of an Ohlson model. In 
the market returns models, these are specified in differences.  
Panel analytical models 
 
The following are the two types of panel analytical models that are used: pooled 
ordinary least squares (OLS) model and fixed effects model. Utilizing the pooled OLS 
model in the presence of panel data essentially pools the data and runs an ordinary least 
squares model. In other words, it treats all firm-year observations (each it) as an 
independent and identically distributed unit (iid), which essentially ignores the fact that 
you have t observations for each individual i. The issue with pooled OLS is that it does not 
control for individual heterogeneity. On the other hand, the fixed effects model focuses on 
within-individual comparisons – changes in 2)! and 3)! relative to their within-individual 
means. Hence, it controls for individual heterogeneity by including an intercept (4)) for 
each individual i. In this case, 4) is the intercept that represents the fixed firm effect. One 
of the consequences of the fixed effects model is that it inherently omits time-invariant 
variables (i.e. industry, region, country, etc.). Therefore, it doesn’t offer insight on an 
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industry-by-industry basis. However, this plays to my advantage as the industry-specific 
effects get differenced away which mitigates the limitations of the sample to a degree.  
Which model is the best to fit the data? As mentioned earlier, this study includes 
three different samples according to the number of firm-year observations present per 
individual firm. Since using a fixed effects model on an unbalanced panel can be 
problematic, it is only utilized on sample (1) – a balanced panel – whereas the pooled OLS 
model is used for all three samples. The requirement of a balanced panel yields the smallest 
sample, but the advantage of controlling for unobserved firm characteristics makes this my 
favored sample. However, the pooled OLS model is utilized for purposes of comparison 
and robustness. Ultimately, I am choosing to do this in order to speak to VAIC’s robustness 
across model techniques and sample size.  
Regression models 
 
This study utilizes regression models that are inspired by the critical validation of 
the VAIC (Bassetti et al. (2020)). The critical validation of the VAIC (Bassetti et al. (2020)) 
displays that previous empirical results utilizing the VAIC may suffer from omitted 
variable concerns and biased estimations because they fail to include controls for labor 
share (LABOR), capital share (CAPITAL), and interest rate (R). Hence, this study’s 
regression models includes those controls alongside a few other firm-level controls to 
ensure that VAIC does not proxy for exogenous technological factors and interest rate but 
rather for intellectual capital to the furthest extent possible through the use of accounting 
information. Additionally, to provide more insight into how the components of the VAIC 
impact financial and market performance, this study includes regression models in which 
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the VAIC is decomposed into its three components – human capital efficiency (HCE), 
structural capital efficiency (SCE), and capital employed efficiency (CEE). As mentioned 
earlier, a key scope of this study is the COVID-19 Pandemic, which shocked the economy 
in 2020. Thus, each regression model below includes a dummy variable for the year 2020 
and an interaction variable for each independent variable to take into account the influence 
of 2020 on the relationship between the respective independent variable and dependent 
variable. However, while not shown in this section, the regression models are also 
estimated without the indicators and interaction variables for robustness purposes. Lastly, 
indicator variables for the 10 Standard Industrial Classification (SIC) industry groups, 
indicated by the Occupational Safety and Health Administration1, are included to capture 
industry effects in the OLS regressions. However, in the fixed effects regressions, the 
industry indicators are omitted because of the nature of the fixed effect model with respect 
to time-invariant variables. All variables are defined in section (4), as well as the Appendix.  
The fixed effect regression models for financial performance measures, which exclude the 
Ohlson components, are estimated as follows: 
560/076/8)! =	.+ + 4) +	.'2020)! + .,"/67)! + .-"/6720)! +	..8/+<&)!
+ ./8/+<&2020)! + .07/=6>/8)! +	.17/=6>/820)! + .2&)!
+ .,&20)! + .3&)7)! + .'+&)720)! + .''60>/0)! + .',60>/020)!
+ .'-8'")! + .'.8'"20)! + .'/?6@')! + .'0?6@'20)! + 1)! 




560/076/8)! =	.+ + 4) +	.'2020)! + .,A7')! + .-A7'20)! + ..?7')!
+ ./?7'20)! + .07'')! + .17''20)! +	.28/+<&)!
+ .38/+<&2020)! + .'+7/=6>/8)! +	.''7/=6>/820)! + .',&)!
+ .'-&20)! + .'.&)7)! + .'/&)720)! + .'060>/0)! + .'160>/020)!
+ .'28'")! + .'38'"20)! + .,+?6@')! + .,'?6@'20)! + 1)! 
           (2) 
where FINANCIAL is return on assets (ROA) and return on equity (ROE).  
The fixed effect regression models for market to book (MB), which include the Ohlson 
components for market pricing justification and exclude leverage (LEV) because of 
collinearity, are estimated as follows: 
!+)! =	.+ + 4) +	.'2020)! + .,"/67)! + .-"/6720)! +	..8/+<&)!
+ ./8/+<&2020)! + .07/=6>/8)! +	.17/=6>/820)! + .2&)!
+ .,&20)! + .3&)7)! + .'+&)720)! + .''60>/0)! + .',60>/020)!
+ .'/?6@')! + .'0?6@'20)! + .'/+")! + .'0+"20)! + .'1)06)!
+ .'2)0620)! + 1)! 
           (3) 
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!+)! =	.+ +	4) + .'2020)! + .,A7')! + .-A7'20)! + ..?7')!
+ ./?7'20)! + .07'')! + .17''20)! +	.28/+<&)!
+ .38/+<&2020)! + .'+7/=6>/8)! +	.''7/=6>/820)! + .',&)!
+ .'-&20)! + .'.&)7)! + .'/&)720)! + .'060>/0)! + .'160>/020)!
+ .'2?6@')! + .'3?6@'20)! + .,++")! + .,'+"20)! + .,,)06)!
+ .,-)0620)! + 1)! 
           (4) 
Due to the nature of cumulative abnormal returns, the appropriate way to estimate 
cumulative abnormal returns is by differencing the independent variables, so the pooled 
ordinary least squares model is used to estimate the cumulative abnormal returns (CAR) 
models. Additional control variables are excluded in these specifications as is typically the 
case when explaining abnormal returns. These proved to be statistically insignificant in 
(untabulated) results. The pooled OLS models are estimated as follows: 
7/&)! = .+ + .'2020)! + .,B"/67)! + .-B"/6720)! + ..B7'C)! + ..B7'C20)!
+ ./B06)! + .0B0620)! 
           (5) 
7/&)! = .+ + .'2020)! + .,BA7')! + .-BA7'20)! + ..B?7')! + ..B?7'20)!
+ ./B7'')! + .0B7''20)! + .1B7'C)! + .2B7'C20)! + .3B06)!
+ .'+B0620)! 
           (6) 
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The pooled ordinary least squares regression models for financial performance measures, 
which exclude the Ohlson components, are estimated as follows: 
560/076/8)! =	.+ +	.'2020)! + .,"/67)! + .-"/6720)! +	..8/+<&)!
+ ./8/+<&2020)! + .07/=6>/8)! +	.17/=6>/820)! + .2&)!
+ .,&20)! + .3&)7)! + .'+&)720)! + .''60>/0)! + .',60>/020)!
+ .'-8'")! + .'.8'"20)! + .'/?6@')! + .'0?6@'20)!
+ Industry	effects + 1)!	
           (7)  
560/076/8)! =	.+ +	.'2020)! + .,A7')! + .-A7'20)! + ..?7')!
+ ./?7'20)! + .07'')! + .17''20)! +	.28/+<&)!
+ .38/+<&2020)! + .'+7/=6>/8)! +	.''7/=6>/820)! + .',&)!
+ .'-&20)! + .'.&)7)! + .'/&)720)! + .'060>/0)! + .'160>/020)!
+ .'28'")! + .'38'"20)! + .,+?6@')! + .,'?6@'20)!
+ Industry	effects + 1)!	
           (8) 





The ordinary least squares regression models for market to book (MB), which include the 
Ohlson components for market pricing justification and exclude leverage (LEV) because 
of collinearity, are estimated as follows: 
!+)! =	.+ +	.'2020)! + .,"/67)! + .-"/6720)! +	..8/+<&)! + ./8/+<&2020)!
+ .07/=6>/8)! +	.17/=6>/820)! + .2&)! + .,&20)! + .3&)7)!
+ .'+&)720)! + .''60>/0)! + .',60>/020)! + .'/?6@')!
+ .'0?6@'20)! + .'/+")! + .'0+"20)! + .'1)06)! + .'2)0620)!
+ Industry	effects + 1)! 
           (9) 
!+)! =	.+ +	.'2020)! + .,A7')! + .-A7'20)! + ..?7')!
+ ./?7'20)! + .07'')! + .17''20)! +	.28/+<&)!
+ .38/+<&2020)! + .'+7/=6>/8)! +	.''7/=6>/820)! + .',&)!
+ .'-&20)! + .'.&)7)! + .'/&)720)! + .'060>/0)! + .'160>/020)!
+ .'2?6@')! + .'3?6@'20)! + .,++")! + .,'+"20)! + .,,)06)!
+ .,-)0620)! + Industry	effects + 1)! 






This study’s dependent and independent variables are defined below. The 
variables’ abbreviated names are displayed in uppercase letters (i.e. ROA). Additionally, in 
an effort to promote the easy-to-use inputs, the COMPUSTAT2 or CRSP3 identifiers 
necessary to construct the variables are shown in lowercase letters (i.e. sale).  
Dependent variables: 
(1) Financial Performance. The two financial performance variables, both considered 
important financial indicators for investors,  are defined as follows: 
• &OPQRS	TS	/UUOPU	(&</) = 	45!	)789:5	(7))$)7!5=5>!	5?@57>5	(?)7!)∗('B!)
CD5=CE5	!9!CF	C>>5!>	(C!)
 




ROA is an indicator of how effective a firm is in utilizing its total assets to 
generate profits, holding constant the respective financial policy.  
• &OPQRS	TS	OZQ[P2	(&<') = 45!	)789:5	(7))B@=5"5==5H	H)D)H57H>	(HD@)
CD5=CE5	89::97	5IJ)!K	(85I)
 
ROE is an indicator of how effective a firm is at generating profits in 
relation to its shareholders of common stocks.  
 
2 COMPUSTAT is a database of financial, statistical, and market information on active and inactive global 
companies throughout the world.  
3 CRSP is the Center for Research in Security Prices and maintains some of the largest and most 
comprehensive proprietary historical databases in stock market research.  
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(2) Market Performance. The two market performance variables are defined as 
follows: 
• !\R]OP	PT	^TT]	(!+) = 	 LF9>)7E	>MC=5	@=)85!"#∗>MC=5>	9J>!C7H)7E
N99O	DCFJ5	9"	PIJ)!K	(85I)
 
where t+3 is three months after fiscal year-end.  
Market to book is a ratio used to compare a firm’s net assets that are 
available in relation to the sales price of the stock. It is commonly used by 
investors to show the market’s perception of a particular security’s value. 
This study uses the market value 3 months after fiscal year-end in to account 
for the reaction of the market to the firm’s fiscal year’s earnings and 
financial statements, which are released a few months after the firm’s fiscal 
year-end.  
• 7Q_Q`\P[aO	\^STR_\`	ROPQRSU	(7/&) = (1 + /&)!B2) ∗ (1 +
/&)!B1) ∗ (1 + /&)!B0) ∗ … (1 + /&)!$-) − 1 
where AR is an individual firm’s monthly abnormal return – the difference 
between the actual and expected return of a security over a month. 
Cumulative abnormal returns are a useful way to measure a securities 
performance in relation to the performance of the market as a whole over a 
set period of time. This study accumulates the abnormal monthly returns of 
firm i from t–8 (eight months prior to fiscal year-end) to t+3 (3 months post 
fiscal year-end) to account for the reaction of the market to the firm’s fiscal 
year earnings and financial statements.    
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Independent variables: 
(1) Value added intellectual coefficient (VAIC). The VAIC measures the amount of new 
value created by each monetary unit invested in intellectual capital and, therefore, 
represents intellectual capital efficiency (Public (2000), (2005)). Composed of 
audited financial statement information, VAIC enjoys an advantage over other 
measures of intellectual capital because it is an easy-to-calculate, objective, and 
standardized basis of measure that enables comparison across firms, industries, and 
countries. The process of calculating VAIC is detailed below through the following 
line of reasoning (Pulic (2005), Ståhle et al. (2011)).  
First, we must calculate value-added (VA). Value added is defined as the difference 
between the income and expenditures a company generates. The formula is as 
follows: 
																																																																											"/ = <= + ) + 7   (11) 
OP = operating profit (oiadp).  
D = depreciation and amortization (dp).  
C = all employee-related costs (xlr). 
According to the model, a company’s human capital (HC) is equivalent to all of its 
employee-related costs: HC = C. Furthermore, structural capital is equivalent to the 
difference between a company’s value-added and its human capital: SC = VA – HC 
= OP + D. It is important to note that OP and D are directly impacted by company 
strategies and decision making, D is a product of previous investments, and OP is 
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determined by present investments (Ståhle (2011)). Nevertheless, equation (11) can 
be rewritten as: 
																																																														"/ = A7 + ?7    (12) 
The next step in the derivation of VAIC is defining its three main components: 
human capital efficiency (HCE), structural capital efficiency (SCE), and capital 













Where CE represents the amount of physical capital employed – total assets (at) 
less intangibles (intan).  
Accordingly, human capital efficiency (HCE) measures the contributions of human 
capital investments to value creation, structural capital efficiency (SCE) quantifies 
the amount of value created through structural capital, and capital employed 
efficiency (CEE) gauges the amount of value created through strategic financial 
and physical capital.  
The final step in the VAIC derivation is to sum the three efficiency measures from 
equations (13), (14), and (15): 
																																																"/67 = A7' + ?7' + 7''   (16) 
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Therefore, in its aggregated form, VAIC can be viewed as a firm’s total efficiency. 
It can be deconstructed into intellectual capital efficiency (ICE = HCE + SCE) and 
financial efficiency (CEE). However, because the allocation of financial and 
physical capital is conducted through strategic decisions made by way of human 
and structural capital assets, it can be argued that VAIC represents intellectual 
capital efficiency as a whole. Therefore, this study’s key independent variable, the 
value added intellectual coefficient (VAIC), is utilized as a proxy for intellectual 
capital efficiency.  
(2) Necessary VAIC control variables. The critical validation of the VAIC (Bassetti et 
al. (2020)) displays that previous empirical results utilizing the VAIC may suffer 
from omitted variable concerns and biased estimations because they fail to include 
controls for labor share (LABOR), capital share (CAPITAL), and interest rate (R). 

















(3) Research and Development Capital (RDC). R&D undoubtedly plays a role in 
generating intellectual capital assets internally. For instance, some firms internally 
develop their own software, operating systems, online infrastructure, websites, etc., 
which all contribute to structural capital. However, since the only internal R&D 
costs that are permitted to be capitalized are software development-related costs 
under strict eligibility requirements4, R&D costs are predominantly expensed and, 
therefore, deducted from earnings. Furthermore, many firms don’t even bother 
attempting to capitalize their software development to avoid navigating the strict 
eligibility requirements. Nevertheless, the point is that GAAP mandates that the 
majority of internal R&D costs are to be expensed because they deem the future 
economic benefits from R&D are uncertain5. However, Sougiannis (1994) found 
that R&D expenditures not only provide benefits when it comes to profit and market 
value in the same year but actually over several subsequent years – providing 
evidence that past R&D expenditures have an impact on firm performance. In a 
subsequent paper, Lev and Sougiannis (1996) estimate the impact of current and 
past R&D spending on earnings across different industries. The estimates they 
found constitute the proportion of past spending that is still productive in a given 
year. In aggregation of these estimates, Chan, Lakonishok, and Sougiannis (2001) 
adopt the following tractable approximation of the stock of R&D capital for firm i 
and year t while taking at the stock market valuation of R&D expenditures. 
Accordingly, this study utilizes their estimates to account for the impact of past 
 
4 For more information regarding these requirements, visit: 
https://www.wallstreetprep.com/knowledge/accounting-capitalized-software-costs/ 
5 To see more information regarding this check out the Statement of Financial Accounting Standards No. 2.  
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R&D expenditures on a given year’s firm performance and market value. RDC is 
calculated as follows: 
&)7)! =




(4) Ohlson model components. As mentioned previously, this study utilizes an 
implementable version of the Ohlson model (1995) – similar to that of Francis and 
Schipper (1999) – which provides justification for using accounting numbers to 
predicting market value. Hence, this study’s market performance regressions 
includes the following two covariates to proxy for the book value and earnings 










(5) Firm-level control variables. This study includes additional firm-level controls that 
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(6) Cumulative abnormal returns (CAR) variables. As a result of the way cumulative 
abnormal returns are calculated, it is more appropriate to use differences when 
estimating CAR regressions. Hence, I utilize the appropriate method of differencing 
the variables year-over-year to match the timing of information reflected in the 
CAR. The differenced variables used to estimate CAR are calculated in percentage 
form as follows: 
























where CEQ is total common equity (ceq), NI is net income (ni), and all other 




The sample includes all firm-year observations available in COMPUSTAT North 
America for the 2010-2020 period and their associated security information from CRSP. 
Additionally, due to the timing of this study, many firms’ security information for 2020 
and 2021 were not available on CRSP and, accordingly, those firms’ security information 
for 2020 and the first three months of 2021 were collected via S&P Capital IQ. I chose to 
use data starting after the financial crisis-induced Great Recession that officially ended in 
June 20096. Hence, this study starts after the end of that business cycle and, therefore, 
analyzes the period of 2010-2020. The sample does use some data from the period before 
2010. First, data from 2005-2009 are used to estimate the parameters for the market model 
used in estimating excess returns. Second, data on lagged research and development 
expenses is used to construct the research and development capital variable according to 
Lev and Sougiannis (1996). I drop firm-year observations with missing accounting 
information – the exception being R&D expense which is assumed to be 0 if missing – 
required to estimate Equations (1) through (10). Additionally, observations with a negative 
market to book, a negative book value of equity, or a negative value-added intellectual 
coefficient are dropped, as a negative VAIC provides no meaningful analysis (Firer and 
Williams (2003)). To avoid outlier bias, continuous variables are trimmed at the 1% and 
99% levels, except SIZE, which is expressed as a natural logarithm. Lastly, firms with only 
one observation are dropped because prior literature warns that statistical significance 
 
6 National Bureau of Economic Research: https://www.nber.org/research/data/us-business-cycle-
expansions-and-contractions 
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levels can be inflated by these observations (Correia (2015)). I utilize three different sample 
sizes concerning the number of observations each firm has in the time period. Sample (1), 
my primary sample, is a balanced panel that has 2,178 firm-year observations. In other 
words, all 198 firms included in sample (1) have 11 firm-year observations. The panel 
structure is necessary for the fixed effects model. To display the VAIC’s robustness to 
sample size and survivorship bias, sample (2) contains firms with at least 5 firm-year 
observations, and sample (3) contains firms with at least 2 firm-year observations. Sample 
(2) and (3) have 5,871 and 7,018 firm-year observations, respectively.  
Table 1 reports the sample (1) distribution by industrial grouping and year. Each 
industry group includes several 2-digit Standard Industrial Classification (SIC) codes that 
are broadly related. For instance, SIC codes from 20-39 constitute the Manufacturing 
industry segment. The 2-digit SIC codes are too disaggregated to be useful in this study, 
so I group them into the broader industry segments. Hence, this study groups the 2-digit 
SIC codes into 10 industry groups according to the Occupational Safety and Health 
Administration’s guidance7 for parsimony in the statistical tests. Most observations fall in 
the Finance, Insurance, and Real Estate industry (1,749). The high proportion of this 
industry in the sample (80%) is likely due to the density of human capital within the 
industry and, therefore, a higher likelihood of reporting the voluntary disclosure that serves 
as a key input of the VAIC – total staff expenses. The next highest tier of representation 





Table 1 Sample Distribution – Sample (1) 
SIC Code 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 Total 
01-09: Agriculture, Forestry, Fishing 0 0 0 0 0 0 0 0 0 0 0 0 
10-14: Mining 1 1 1 1 1 1 1 1 1 1 1 11 
15-17: Construction 1 1 1 1 1 1 1 1 1 1 1 11 
20-39: Manufacturing 5 5 5 5 5 5 5 5 5 5 5 55 
40-49: Transportation & Public Utilities 20 20 20 20 20 20 20 20 20 20 20 220 
50-51: Wholesale Trade 1 1 1 1 1 1 1 1 1 1 1 11 
52-59: Retail Trade 5 5 5 5 5 5 5 5 5 5 5 55 
60-67: Finance, Insurance, Real Estate 159 159 159 159 159 159 159 159 159 159 159 1,749 
70-89: Services 6 6 6 6 6 6 6 6 6 6 6 66 
91-99: Public Administration 0 0 0 0 0 0 0 0 0 0 0 0 







and Manufacturing (55) industries. Towards the lower end, the Wholesale Trade (11), 
Construction (11), and Mining (11) industries. Sample (1) sees no representation from the 
Agriculture, Forestry, and Fishing and Public Administration industries. Although the 
sample distribution appears as a severe limitation to the study, due to the primary panel 
analysis method that I utilize, the industry effects are differenced away and, therefore, the 
uneven sample does not present an overlying bias to the study.  
 Tables 11 and 12, which appear in the appendix, display the sample distribution of 
samples (2) and (3), respectively. The distributions of sample (2) and (3) still are heavy in 
the Finance, Insurance, and Real Estate industry with a representation of 68% and 66% in 
the samples, respectively. Despite that, sample (2) and (3) are more representative among 




Table 2  Descriptive Statistics – Sample (1) 
Variable N. Obs. Mean St. Dev. Min 25p Median 75p Max 
VAIC 2,178 3.215 0.873 0.680 2.691 3.090 3.496 9.062 
HCE 2,178 2.497 0.833 0.847 2.034 2.435 2.796 8.023 
SCE 2,178 0.556 0.150 -0.181 0.508 0.589 0.642 0.875 
CEE 2,178 0.162 0.252 0.008 0.033 0.040 0.191 1.640 
LABOR 2,178 0.298 0.110 0.041 0.234 0.296 0.346 0.751 
CAPITAL 2,178 0.047 0.056 0.000 0.017 0.028 0.052 0.573 
R 2,178 0.016 0.027 0.000 0.000 0.000 0.032 0.380 
RDC 2,178 0.005 0.036 0.000 0.000 0.000 0.000 0.565 
INTAN 2,178 0.071 0.134 0.000 0.006 0.020 0.043 0.728 
LEV 2,178 7.024 4.086 0.210 3.490 7.391 9.609 29.936 
SIZE 2,178 8.977 1.887 3.944 7.635 8.707 10.014 15.035 
BV 2,178 8.066 4.100 1.297 4.495 8.415 10.662 31.157 
DNI 2,178 0.094 1.204 -10.079 -0.080 0.082 0.278 11.879 
ROA 2,178 0.028 0.037 -0.129 0.008 0.011 0.033 0.221 
ROE 2,178 0.112 0.087 -0.463 0.073 0.100 0.135 0.686 
MB 2,178 1.718 1.404 0.008 1.024 1.365 1.953 14.879 
CAR 2,178 -0.018 0.215 -0.690 -0.155 -0.035 0.095 1.323 
dVAIC 2,178 2.652 62.983 -848.30 -3.357 0.593 4.926 2095.6 
dHCE 2,178 -2.828 126.409 -4350.0 -2.569 0.434 3.585 2152.7 
dSCE 2,178 1.482 63.195 -867.34 -6.294 -0.565 5.936 2089.7 
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dCEE 2,178 10.541 20.964 -65.349 1.971 6.629 13.871 280.6 
dCEQ 2,178 9.384 120.412 -1007.9 -7.967 8.236 27.814 1187.8 















Table 3 Pearson correlation coefficients – ROA, ROE, MB 
 
8 Due to the way BV and LEV are calculated, they have a correlation of 1. Hence, they do not appear in the same regression model.  
  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
VAIC 1 1                
HCE 2 0.98 1               
SCE 3 0.82 0.88 1              
CEE 4 -0.25 -0.45 -0.65 1             
LABOR 5 -0.60 -0.64 -0.65 0.41 1            
CAPITAL 6 0.05 0.00 -0.02 0.18 -0.14 1           
R 7 -0.09 -0.22 -0.39 0.65 -0.01 0.32 1          
RDC 8 0.00 -0.03 -0.03 0.12 -0.13 0.08 0.15 1         
INTAN 9 -0.14 -0.27 -0.36 0.62 0.26 0.02 0.48 0.20 1        
LEV 10 0.09 0.22 0.36 -0.65 -0.08 -0.30 -0.59 -0.16 -0.48 1       
SIZE 11 0.25 0.26 0.28 -0.17 -0.17 -0.01 0.01 0.05 0.07 0.20 1      
BV 12 0.09 0.22 0.36 -0.65 -0.08 -0.30 -0.59 -0.16 -0.48 1.008 0.20 1     
DNI 13 0.07 0.06 0.06 0.01 0.01 -0.03 -0.03 -0.06 -0.04 0.00 -0.04 0.00 1    
ROA 14 0.12 -0.04 -0.17 0.64 -0.04 0.34 0.59 0.26 0.33 -0.64 -0.05 -0.63 0.08 1   
ROE 15 0.35 0.24 0.17 0.31 -0.16 0.18 0.31 0.18 0.12 -0.26 0.07 -0.26 0.18 0.75 1  
MB 16 0.03 -0.06 -0.13 0.39 0.06 0.17 0.28 0.04 0.18 -0.28 -0.06 -0.28 0.04 0.44 0.50 1 
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Table 4 Pearson correlation coefficients – CAR 
 
 
Table 2 reports the descriptive statistics for the dependent and independent variables 
present in sample (1). Concerning this study’s firm and market performance indicators, the 
mean (median) of the dependent variables are as follows: ROA 0.028 (0.011), ROE 0.112 
(0.100), MB 1.718 (1.365), and CAR -0.018 (-0.035). It should be noted that because the 
sample’s mean and median CAR is less than 0, the firms in this study, on average, slightly 
underperformed their respective expected return given the market model parameters 
estimated in the previous period. The independent variable of interest, the VAIC, has a 
mean (median) of 3.215 (3.090). VAIC’s necessary control variables of LABOR, CAPITAL, 
and R have a mean (median) of 0.298 (0.296), 0.047 (0.028), and 0.016 (0.000), 
respectively. On average (median) firms have R&D capital (RDC) of .5% (0%) of common 
equity and, on a similar note, intangible assets (INTAN) represent 7.1% (2%) of total assets. 
The leverage ratio is on average (median) 7.024 (7.391) while firm size (SIZE), expressed 
as a natural logarithm of total assets, is on average (median) 8.977 (8.707). Lastly, the 
  1 2 3 4 5 6 7 
dVAIC 1 1       
dHCE 2 0.124 1      
dSCE 3 0.001 0.003 1     
dCEE 4 -0.022 -0.388 -0.001 1    
dCEQ 5 0.005 -0.001 -0.001 -0.001 1   
dNI 6 -0.002 0.002 0.003 0.001 -0.022 1  
CAR 7 -0.002 0.012 -0.001 -0.004 0.035 0.002 1 
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Ohlson components, BV and DNI, have a mean (median) of 8.066 (8.415) and 0.094 
(0.082), respectively.  
Regarding the differenced variables for the CAR model, the mean (median) of the 
independent variables of interest are as shown: dVAIC 2.652 (0.593), dHCE -2.828 (0.434), 
dSCE 1.482 (-0.565), and dCEE 10.541 (6.629). The differenced Ohlson components, 
dCEQ and dNI, have a mean (median) of 9.384 (8.236) and -0.018 (-0.035), respectively.  
Located in the appendix, Tables 13 and 14 display the summary statistics from samples 
(2) and (3). Most of the statistics appear to be very similar, but the is a notable change 
among the samples. Samples (1), (2), and (3) display a mean (median) CAR of -0.018 (-
0.035), -0.015 (-0.044), -0.009 (-0.045), respectively. Thus, as the sample grows, the 
average firm still underperforms the market, but the margin decreases to near zero. Since 
the smallest sample imposes the balanced sample restriction, the difference in the CAR 
values suggests there may be a modest selection bias between the samples in terms of 
market returns. Other than that, there are no significant differences about the summary 
statistics of samples (1), (2), and (3).  
 Table 3 presents the Pearson correlation coefficients to get an idea of the 
relationship between the dependent and independent variables. Findings from the table 
indicate that VAIC is significantly positively associated with ROE and ROE (p < 0.05), but 
not significantly correlated with MB. HCE and SCE are significantly negatively correlated 
with ROA and MB (p < 0.05), but significantly positively associated with ROE (p < 0.05). 
CEE is significantly positively correlated with ROA, ROE, and MB (p < 0.05). Overall, 
correlation results imply that sample firms with higher intellectual capital efficiency were 
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associated with higher levels of financial performance. Further, sample firms with higher 
levels of human capital and structural capital efficiency were associated with lower levels 
of market to book whereas higher levels of capital efficiency show an opposite association.   
 Table 4 displays the Pearson correlation coefficients for the CAR model. The only 
significant independent variable correlated with CAR is dCEQ which is significantly 
positive at the 5% level. That checks out as firms that have larger relative changes in 
common equity tend to outperform their expected return.  
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5. Empirical Analysis 
Results 
Table 5 Empirical Results – VAIC, fixed effects model on Sample (1) 
Variable ROA ROE MB 
VAIC 0.015*** 0.073*** 0.450*** 
VAIC20 0.008** 0.022* 0.144 
2020 -0.058** -0.146** -1.149 
    
Observations 2,178 2,178 2,178 
Adjusted R2 0.221 0.270 0.169 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
See table 5a in the appendix for full regression results.  
 
Tables 5 and 6 present the aggregate VAIC results of the fixed effects regression 
model on ROE, ROA, and MB with and without indicators and interactions, respectively. 
Table 7 displays the aggregate VAIC results of the pooled OLS model on CAR with and 
without indicators and interactions. Since the models with the indicators and interactions 
better explain the variation of the dependent variables, and the resulting significance levels 
are nearly identical, I utilize the indicator and interaction models for interpretation.  
Additionally, when referencing results from Table 7, I do not separately distinguish dVAIC 
from VAIC as they both represent intellectual capital efficiency, but are different in form 
to fit their respective model.  
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Table 6 Empirical Results – fixed effects model less indicators and interactions on 
Sample (1) 
Variable ROA ROE MB 
Intercept 0.020 -0.145** -1312.557 
VAIC 0.016*** 0.078*** 0.424*** 
    
Observations 2,178 2,178 2,178 
Adjusted R2 0.168 0.230 0.081 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
See table 6a in the appendix for full regression results.  
 
Nevertheless, the results support H1a as the VAIC is significantly positive at the 
1% level for ROE and ROA, indicating that while holding all else fixed, a one-unit change 
in VAIC is associated with a predicted change in ROA and ROE of 0.015 and 0.073, 
respectively. As mentioned earlier, the sample mean of ROA and ROE  is 0.028 and 0.112, 
respectively. Hence, on average, the predicted impact in a one-unit change of VAIC is 
associated with a change in ROA of 54% and ROE  of 65%. Additionally, the results are 
show support with regards to H1b as the coefficient of VAIC significantly positive for MB 
and CAR, respectively. Overall, it appears that intellectual capital efficiency is a key factor 
that drives firms’ financial and market performance.   
 Findings from Table 5 also indicate support for H1c as the coefficient of the 
interaction term between VAIC and 2020, VAIC20, is significantly positive for ROA and 
suggestively9 positive for ROE. The coefficients of VAIC20 for ROA and ROE are 0.008 
  
 
9 Significant at the 10% level.  
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Table 7 Empirical Results – VAIC, pooled OLS model on Sample (1) 
Variable CAR (1) CAR (2) 
dVAIC 0.0019*** 0.0023*** 
dVAIC20  -0.0021 
2020  0.0315 
   
Observations 1,98010 1,980 
Adjusted R2 0.020 0.025 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
See table 7a in the appendix for full regression results.  
 
and 0.022, respectively, indicating that a one-unit change in VAIC is associated with a 
predicted change in ROA and ROE of 0.023 and 0.095 in 2020 as opposed to 0.015 and 
0.112 in previous years, respectively. In other words, intellectual capital efficiency 
displayed a greater impact on firm financial performance in 2020 relative to previous years. 
With regards to market performance, findings for VAIC20 are insignificant and, therefore, 
do not support H1d that intellectual capital efficiency had a greater impact on market 
performance in 2020 relative to previous years.    
Table 8 presents the decomposed VAIC results of the fixed effects regression 
model on the financial and market performance dependent variables. Table 9 displays the 
decomposed VAIC results of the pooled OLS model on CAR with and without indicators 
and interactions. To begin, it is important to point out that the adjusted R2 for each   
 
10 2010 was excluded from this analysis because of empirical issues.  
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Table 8 Empirical Results – decomposed VAIC,  fixed effects on Sample (1) 
Variable ROA ROE MB 
HCE -0.001 -0.003 0.119 
HCE20 -0.009 -0.026 0.029 
SCE 0.100*** 0.552*** 3.157*** 
SCE20 0.100** 0.301* 0.188 
CEE 0.108*** 0.232*** 2.004** 
CEE20 0.027 0.036 1.049 
2020 -0.059 -0.164** -0.621 
    
Observations 2,178 2,178 2,178 
Adjusted R2 0.332 0.388 0.188 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
See table 8a in the appendix for full regression results.  
 
dependent variable, except CAR, substantially increased from the aggregate VAIC model 
to the decomposed VAIC model, suggesting that both firms and investors may place 
different values on the three components of VAIC. Nevertheless, findings do not support 
H2a, H2b, H2c, and H2d as the coefficient for HCE and HCE20 is insignificant across all 
dependent variables, implying that human capital efficiency is insignificant when it 
comes to a firm’s financial and market performance. These findings are contrary to Chen 
et al. (2005) in which their coefficient for human capital efficiency was significantly 
positive for ROA, ROE, and MB. However, I think the difference in results can be 
attributed to a few reasons. First, different samples, especially when they differ by 
country, can yield different results. Second, Chen et al. (2005) lack the necessary VAIC 
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Table 9 Empirical Results – decomposed VAIC fixed effects model less indicators and 
interactions on Sample (1) 
Variable ROA ROE MB 
HCE -0.004 -0.011 0.047 
SCE 0.121*** 0.614*** 2.731** 
CEE 0.130*** 0.291*** 1.330* 
    
Observations 2,178 2,178 2,178 
Adjusted R2 0.306 0.367 0.097 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
See table 9a in the appendix for full regression results.  
 
control variables per Bassetti et al. (2020), which suggests that their results are likely 
subjected to omitted variables and biased estimations. The overall reasoning behind this 
finding may be attributable to the impact of digitalization on the value of human capital. 
With the exponential rise of innovative technologies, the age of digitalization is 
enhancing the role of intangible capital relative to conventional human capital. 
Furthermore, results show support for H3a as the coefficient for SCE is 
significantly positive for ROA and ROE. This implies that having a high structural capital 
efficiency is integral to driving a firm’s financial performance. Additionally, the findings 
show support for H3c as the coefficient for SCE20 is significantly positive for ROA and 
suggestively positive for ROE, indicating that structural capital efficiency is associated 
with a greater impact on ROA and ROE in 2020 relative to previous years. Accordingly, 
holding all else fixed, a one-unit change in SCE is associated with a predicted change in 
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Table 10 Empirical Results –  decomposed VAIC, pooled OLS model on Sample (1) 
Variable CAR (1) CAR (2) 
dHCE 0.0010 0.0011 
dSCE 0.0000 0.0000 
dCEE 0.0012** 0.0017*** 
dHCE20  -0.0030 
dSCE20  0.0009 
dCEE20  -0.0006 
2020  0.0407 
   
Observations 1,980 1,980 
Adjusted R2 0.020 0.029 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
See table 10a in the appendix for full regression results.  
 
ROA and ROE of 0.200 and 0.853 in 2020 as opposed to 0.100 and 0.552 in previous years, 
respectively. The increased impact of structural capital efficiency on financial performance 
in 2020 makes sense when you consider the sudden work from home environment induced 
by the pandemic. Despite the remote work predicament, firms with sufficient supportive 
infrastructure, processes, and databases were able to continue to allow their employees to 
continue driving firm performance. On the flip side, firms with insufficient structural 
capital suffered at a higher magnitude concerning financial performance than previous 
years as their employees were not able to function at the necessary level. Additionally, 
findings provide some support for H3b as the coefficient for SCE is significantly positive 
for MB, but insignificant for CAR, implying that structural capital efficiency may not have 
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enough power to create abnormal returns, but rather stands as a necessary factor in meeting 
market expectations. Concerning 2020, findings indicate that structural capital efficiency 
did not have a greater impact on market performance and, thus, reject H3d.  
Findings display strong support for H4a and H4b as the coefficient of CEE is 
significantly positive for ROA, ROE, MB11, and CAR, indicating that firms with greater 
capital employed efficiency are associated with better financial and market performance. 
However, it does not appear that capital employed efficiency displayed a greater impact on 
financial or market performance in 2020 relative to previous years, which points to the 
rejection of H4c and H4d. During 2020 many firms were unable to utilize their capital 
employed to drive firm performance and, thus, this intuitively makes sense. Nevertheless, 
firms that were more strategic about employing their financial and physical assets 
performed better in the market and on their bottom line.  
All in all, empirical findings show that intellectual capital efficiency is a significant 
factor in firms’ financial and market performance. Furthermore, there is evidence that 
intellectual capital efficiency gained impact on financial performance during the pandemic. 
Since it appears that many aspects of the new work environment are here to stay, this 
implies that intellectual capital efficiency is more important concerning financial 
performance going forward than ever before. Additionally, the results indicate that firms 
and investors place may place different values on the three components of VAIC. Human 
capital efficiency is insignificant across all models and dependent variables, but structural 
 
11 CEE is significantly positive at the 5% level for the model with indicators and interactions, but 
suggestively positive at the 10% level for CEE in the model without indicators and interactions. 
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capital efficiency and capital employed efficiency appear to be the driving factors behind 
intellectual capital’s impact on firms’ financial and market performance.  
Robustness Checks 
 I include Tables 15-24 in the appendix to display VAIC’s robustness to sample size 
and model specification. All regression outputs from tables 15-24 are estimated using 
pooled ordinary least squares and, due to reasons mentioned in the methodology section, 
do not serve as my main findings but serve the purposes of comparison and support. To 
begin, VAIC is significantly positive across all samples and dependent variables, with the 
exception being CAR in sample (2) which is deemed insignificant. The VAIC’s coefficients 
in samples (1) and (3) are extremely close to zero and, therefore, I conclude intellectual 
capital efficiency contains very little power when it comes to cumulative abnormal returns. 
Furthermore, HCE is insignificant across all samples except sample (2), in which it is 
significantly negative. However, the significantly negative coefficient is extremely close 
to zero, implying that even if human capital efficiency is significant, its negative 
consequences are minuscule. SCE is significantly positive across all samples concerning 
ROA, ROE, and MB. Additionally, SCE20 is significantly positive across all samples when 
it comes to financial measures. Structural capital efficiency’s main findings line up 
perfectly with these results, which reinforces its importance to a firm’s financial and market 
performance. Lastly, CEE is significantly positive across all samples and dependent 
variables, except for CAR in sample (3). All of the coefficients in the CAR model in sample 
(3) are basically zero, which further indicates the lack of power VAIC and its components 
embody concerning cumulative abnormal returns. Overall, the robustness checks along 
different samples and models provide strong support for my main findings.  
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Limitations 
Due to the calculation of the VAIC, this study is presented with a limitation 
concerning its samples. Total staff expenses, a key input of the VAIC, is a voluntary 
disclosure per GAAP. Hence, only companies that find their total staff expenses material 
and noteworthy to stakeholders, and who find it strategically advantageous to disclose the 
information, chose to disclose them as a separate line in their footnotes. This explains the 
heavy proportional representation of the Finance, Insurance, and Real Estate division in 
the samples. Despite not appearing on the balance sheet, employees, also known as human 
capital, are the most important asset for firms in this division. Thus, firms in this division 
must feel more compelled to disclose total staff expenses as a separate line item in their 
financial statements because it is a large portion of their total expenses and, therefore, want 
stakeholders to recognize that. Unfortunately, I found no way of avoiding this limitation. 
One idea I thought of was to utilize the standard selling, general, and administrative 
(SG&A) expense in place of total staff expenses in the VAIC calculation. However, the 
scope of SG&A is far too wide which would result in VAIC capturing too many irrelevant 
inputs. Despite the limitation, some of the consequences of it are mitigated by my 
regression models. The fixed effects model inherently controls for industry fixed effects 
and division indicators are including in the pooled regression model to control for division 
fixed effects. However, the characteristics of the inputs for the variables are skewed 
towards those of the Finance, Insurance, and Real Estate division.  
A few more limitations arise due to the panel structure and length of the time period 
of focus. First, the balanced panel structure of sample (1) requires that every firm in the 
sample is observed over every time period. Thus, firms that failed and firms that became 
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public during the time period of analysis are not included in sample (1). As a result, sample 
(1) may suffer from survivorship bias and a bias towards older firms. However, these 
limitations are mitigated by the robustness of the results seen in the pooled OLS models 
results for samples (2) and (3) that have firms with at least 5 and 2 firm-year observations 
over the time period, respectively.  
6. Conclusion 
 As a result of the age of digitalization, intellectual capital is rapidly gaining 
importance as a strategic asset that is vital for obtaining and sustaining corporate 
competitive advantages. My empirical findings provide evidence that intellectual capital 
efficiency is a crucial factor that drives a firm’s value creation in the forms of financial and 
market performance. Additionally, my study provides support for the claim that the 
widespread use of digital technologies is significantly impacting the formation and use of 
intellectual capital (Pirogova et al. (2020)), as my findings indicate that the age of 
digitalization is enhancing the role of structural capital – supportive infrastructure, 
databases, and processes – relative to conventional human capital. Furthermore, I provide 
evidence that the remote work environment caused by the COVID-19 pandemic 
significantly increased the impact of structural capital on corporate financial performance. 
Since it appears that many of the aspects of remote work are here to stay, my findings imply 
that intellectual capital, and structural capital in particular, are bound to have an increased 
impact on corporate financial performance in the post-pandemic world.  
 Since this study is limited to North American public firms, future research utilizing 
the Value Added Intellectual Coefficient (VAIC), alongside the necessary controls for 
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labor share, capital share, and interest rate per Bassetti et al. (2020), could investigate the 
impact of intellectual capital on firm performance in other regions of the world, particularly 
in developing countries. Per the United Nations, the COVID-19 pandemic negatively 
affected developing countries more so than developed countries due to numerous factors 
including underdeveloped health systems, the collapse of external demand, and insufficient 
policy responses.12That unfortunate predicament coupled with being behind in the process 
of digitalization makes developing countries an interesting setting to employ the VAIC to 
gauge the impact of intellectual capital on firm performance. 
 Although the Value Added Intellectual Coefficient (VAIC) embodies favorable 
characteristics such as objectivity and comparability, it stands as an imperfect 
representation of intellectual capital due to the nature of a proxy. However, that leaves the 
door open for additional avenues of research. Future studies could investigate the 
relationship between intellectual capital and firms’ financial and market performance in 
the post-pandemic world utilizing alternate measures of intellectual capital such as 
quantitative surveys, integrated reporting, key performance indicators, and business 
models. This study provides groundwork for future studies involving the impact of 
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ROA Return on assets: net income plus interest expense (net of tax) 
weighted by average total assets 
ROE Return on equity: net income less preferred dividends divided by 
average common equity 
MB Market to book: closing share price times shares outstanding divided 
by total common equity 
CAR Cumulative abnormal returns: 12 months of abnormal returns from 8 
months prior to fiscal year-end to 3 months after fiscal year-end 
VA Value Added: the sum of operating profit, depreciation & 
amortization, and total staff expenses 
VAIC Value Added Intellectual Coefficient: the sum of HCE, SCE, and 
CEE 
HCE Human Capital Efficiency: VA divided by total staff expenses 
SCE Structural Capital Efficiency: VA less total staff expenses divided 
by VA 
CEE Capital Employed Efficiency: VA divided by the difference between 
total assets and the value of intangibles 
LABOR Labor share: total staff expenses divided by total sales 
CAPITAL Capital share: total capital expenditures divided by total sales 
R Interest rate proxy: Interest expense divided by the sum of current 
and long-term debt 
RDC Research & Development Capital: R&D expense at time t  plus the 
previous four years of R&D expense weighted per Lev et al. (1996)  
INTAN Intangible assets divided by total assets 
LEV Leverage proxy: total liabilities divided by total common equity 
SIZE Firm size proxy: natural logarithm of total assets 
BV Ohlson book value component: total assets weighted by common 
equity 
DNI Ohlson change in earnings component: net income at t less net 
income at t-1 divided by net income at t-1 
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dVAIC Percent change in VAIC from t-1 to t 
dHCE Percent change in HCE from t-1 to t 
dSCE Percent change in SCE from t-1 to t 
dCEE Percent change in CEE from t-1 to t 
dCEQ Percent change in total common equity from t-1 to t 
dNI Percent change in net income from t-1 to t 
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Table 5a Empirical Results – fixed effects model on Sample (1) 
Variable ROA ROE MB 
Intercept 0.005 -0.193*** 0.123 
VAIC 0.015*** 0.073*** 0.450*** 
VAIC20 0.008** 0.022* 0.144 
2020 -0.058** -0.146** -1.149 
LABOR -0.023 0.083 3.316*** 
LABOR20 0.050* 0.157* 2.105 
CAPITAL 0.014 0.090* 0.755 
CAPITAL20 -0.096 -0.293 2.634 
R -0.062 -0.063 -6.054 
R20 -0.268 -0.827 4.192 
RDC 0.063 0.454 4.666 
RDC20 -0.036 -0.344 15.207* 
INTAN -0.074** -0.182 -0.572 
INTAN20 -0.018 0.001 -0.479 
LEV -0.001** 0.002  
LEV20 0.000 0.001  
SIZE -0.001 0.004 -0.171 
SIZE20 0.002* 0.003 0.064* 
BV   0.090** 
BV20   -0.037 
DNI   0.016 
DNI20   -0.023 
Observations 2,178 2,178 2,178 
Adjusted R2 0.221 0.270 0.169 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
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Table 6a Empirical Results – fixed effects model less indicators and interactions on 
Sample (1) 
Variable ROA ROE MB 
Intercept 0.020 -0.145** -1.313 
VAIC 0.016*** 0.078*** 0.424*** 
LABOR -0.033* 0.060 3.741*** 
CAPITAL 0.021 0.107*** 0.527 
R -0.019 0.055 -7.846* 
RDC 0.036 0.338 7.083 
INTAN -0.073** -0.175 -1.027 
LEV -0.001** 0.002  
SIZE -0.003 -0.002 -0.012 
BV   0.098** 
DNI   0.012 
Observations 2,178 2,178 2,178 
Adjusted R2 0.168 0.230 0.081 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
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Table 7a Empirical Results – pooled OLS model on Sample (1) 
Variable CAR CAR 
Intercept -0.0186*** -0.0240*** 
dVAIC 0.0019*** 0.0023*** 
dCEQ -0.0002 -0.0003 
dNI 0.0001 0.0001 
2020  0.0315 
dVAIC20  -0.0021 
dCEQ20  0.0010 
dNI20  -0.0001 
Observations 1,980 1,980 
Adjusted R2 0.020 0.025 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
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Table 8a Empirical Results – decomposed VAIC, fixed effects model on Sample (1) 
Variable ROA ROE MB 
Intercept -0.043** -0.341*** -0.861 
HCE -0.001 -0.003 0.119 
HCE20 -0.009 -0.026 0.029 
SCE 0.100*** 0.552*** 3.157*** 
SCE20 0.100** 0.301* 0.188 
CEE 0.108*** 0.232*** 2.004** 
CEE20 0.027 0.036 1.049 
2020 -0.059 -0.164** -0.621 
LABOR -0.040** 0.053 2.969*** 
LABOR20 0.047** 0.192 1.060 
CAPITAL 0.015 0.063 0.649 
CAPITAL20 -0.064 -0.209 3.308 
R -0.129 -0.168 -6.696 
R20 -0.112 -0.091 2.353 
RDC 0.083 0.543** 5.126 
RDC20 -0.031 -0.277 15.127* 
INTAN -0.123*** -0.259** -1.361 
INTAN20 -0.027 -0.036 -0.828 
LEV 0.000 0.004***  
LEV20 0.000 -0.001  
SIZE 0.003 0.010 -0.119 
SIZE20 0.001 0.001 0.054 
BV   0.099*** 
BV20   -0.029 
DNI   0.016 
DNI20   -0.030 
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Observations 2,178 2,178 2,178 
Adjusted R2 0.332 0.388 0.188 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
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Table 9a Empirical Results – decomposed VAIC fixed effects model less indicators and 
interactions on Sample (1) 
Variable ROA ROE MB 
Intercept -0.039** -0.324*** -2.086* 
HCE -0.004 -0.011 0.047 
SCE 0.121*** 0.614*** 2.731** 
CEE 0.130*** 0.291*** 1.330* 
LABOR -0.052*** 0.025 3.592*** 
CAPITAL 0.018 0.070 0.367 
R -0.108 -0.094 -8.474* 
RDC 0.058 0.443 7.505 
INTAN -0.129*** -0.276** -1.460 
LEV 0.000 0.004***  
SIZE 0.002 0.006 0.023 
BV   0.106** 
DNI   0.010 
Observations 2,178 2,178 2,178 
Adjusted R2 0.306 0.367 0.097 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
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Table 10a Empirical Results –  decomposed VAIC, pooled OLS model on Sample (1) 
Variable CAR CAR 
Intercept -0.0187*** -0.0259*** 
dHCE 0.0010 0.0011 
dSCE 0.0000 0.0000 
dCEE 0.0012** 0.0017*** 
dCEQ -0.0001 -0.0001 
dNI 0.0000 0.0001 
2020  0.0407 
dHCE20  -0.0030 
dSCE20  0.0009 
dCEE20  -0.0006 
dCEQ20  0.0009 
dNI20  -0.0001 
Observations 1,980 1,980 
Adjusted R2 0.020 0.029 





Table 11 Sample Distribution – Sample (2) 
SIC Code 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 Total 
01-09: Agriculture, Forestry, Fishing 0 0 0 0 0 0 0 0 0 0 0 0 
10-14: Mining 10 9 16 12 15 14 13 19 18 16 6 148 
15-17: Construction 1 1 1 1 1 1 2 2 2 2 2 16 
20-39: Manufacturing 37 45 48 53 56 58 57 51 47 49 16 517 
40-49: Transportation & Public Utilities 50 54 59 66 72 75 73 69 66 63 35 682 
50-51: Wholesale Trade 1 1 3 4 3 3 3 3 3 3 1 28 
52-59: Retail Trade 14 14 15 16 18 19 15 16 16 17 13 173 
60-67: Finance, Insurance, Real Estate 319 348 357 375 381 405 393 374 362 348 311 3,973 
70-89: Services 22 24 29 36 39 38 32 28 28 29 24 329 
91-99: Public Administration 1 1 1 1 1 0 0 0 0 0 0 5 








Table 12 Sample Distribution – Sample (3) 
SIC Code 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 Total 
01-09: Agriculture, Forestry, Fishing 1 1 1 1 1 1 1 0 1 1 1 4 
10-14: Mining 11 9 21 17 19 21 24 28 27 26 13 216 
15-17: Construction 1 2 3 2 2 3 4 4 2 3 2 28 
20-39: Manufacturing 48 60 59 62 66 67 67 61 55 64 23 632 
40-49: Transportation & Public Utilities 65 70 71 79 80 81 78 76 71 75 38 784 
50-51: Wholesale Trade 2 2 4 4 3 4 4 4 4 4 2 37 
52-59: Retail Trade 18 18 23 23 22 26 22 21 22 23 17 235 
60-67: Finance, Insurance, Real Estate 396 433 434 436 427 448 428 415 415 429 390 4,651 
70-89: Services 28 31 37 44 45 44 39 35 37 44 36 420 
91-99: Public Administration 3 3 2 2 1 0 0 0 0 0 0 11 








Table 13  Descriptive Statistics – Sample (2) 
Variable N. Obs. Mean St. Dev. Min 25p Median 75p Max 
VAIC 5,871 3.287 1.329 0.548 2.562 2.997 3.584 14.512 
HCE 5,871 2.544 1.246 0.795 1.872 2.319 2.829 13.196 
SCE 5,871 0.539 0.175 -0.258 0.466 0.569 0.646 0.924 
CEE 5,871 0.204 0.310 0.004 0.033 0.044 0.268 3.982 
LABOR 5,871 0.282 0.129 0.020 0.197 0.285 0.348 0.842 
CAPITAL 5,871 0.058 0.077 0.000 0.015 0.030 0.065 0.783 
R 5,871 0.025 0.037 0.000 0.000 0.000 0.044 0.462 
RDC 5,871 0.013 0.070 0.000 0.000 0.000 0.000 0.953 
INTAN 5,871 0.086 0.149 0.000 0.004 0.020 0.071 0.735 
LEV 5,871 6.269 4.688 0.169 1.682 6.664 9.250 38.925 
SIZE 5,871 8.608 2.031 1.946 7.131 8.345 9.804 15.035 
BV 5,871 7.338 4.723 1.169 2.738 7.693 10.291 41.643 
DNI 5,871 0.020 1.521 -13.757 -0.201 0.064 0.310 12.599 
ROA 5,871 0.029 0.040 -0.234 0.007 0.012 0.046 0.226 
ROE 5,871 0.098 0.108 -0.779 0.057 0.091 0.132 0.826 
MB 5,871 1.513 1.401 0.006 0.809 1.207 1.761 15.987 
CAR 5,871 -0.015 0.295 -0.822 -0.186 -0.044 0.116 3.298 
dVAIC 5,871 -7.169 996.234 -70197 -4.421 0.503 5.866 27148.3 
dHCE 5,871 -0.358 188.510 -4850.3 -3.772 0.207 4.232 9599.6 
dSCE 5,871 -2.012 583.211 -35105 -7.813 -0.414 7.548 23929.9 
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dCEE 5,871 50.601 3035.01 -808.69 0.700 6.134 13.613 232536 
dCEQ 5,871 1.958 152.086 -1375.7 -20.051 6.388 31.015 1259.88 








Table 14  Descriptive Statistics – Sample (3) 
Variable N. Obs. Mean St. Dev. Min 25p Median 75p Max 
VAIC 7,018 3.278 1.408 0.548 2.525 2.970 3.567 14.512 
HCE 7,018 2.537 1.318 -0.545 1.816 2.288 2.813 13.196 
SCE 7,018 0.533 0.186 -0.258 0.450 0.563 0.645 2.908 
CEE 7,018 0.208 0.309 -0.084 0.033 0.045 0.279 3.982 
LABOR 7,018 0.281 0.131 0.020 0.193 0.285 0.349 0.842 
CAPITAL 7,018 0.060 0.083 0.000 0.015 0.030 0.065 0.783 
R 7,018 0.026 0.040 0.000 0.000 0.000 0.046 0.462 
RDC 7,018 0.016 0.078 0.000 0.000 0.000 0.000 1.039 
INTAN 7,018 0.087 0.151 0.000 0.004 0.019 0.076 0.737 
LEV 7,018 6.150 4.749 0.166 1.620 6.405 9.121 39.408 
SIZE 7,018 8.417 2.014 1.946 7.004 8.116 9.596 15.035 
BV 7,018 7.227 4.798 1.166 2.674 7.451 10.163 41.643 
DNI 7,018 -0.011 1.627 -14.431 -0.261 0.055 0.315 12.805 
ROA 7,018 0.029 0.042 -0.241 0.007 0.012 0.047 0.226 
ROE 7,018 0.093 0.121 -0.887 0.051 0.089 0.132 0.826 
MB 7,018 1.556 1.589 0.006 0.789 1.188 1.773 17.971 
CAR 7,018 -0.009 0.320 -0.827 -0.194 -0.045 0.123 3.298 
dVAIC 7,018 -8.208 920.059 -70198 -4.860 0.456 6.162 27148.3 
dHCE 7,018 -5.437 268.957 -10247 -4.433 0.139 4.401 9599.6 
dSCE 7,018 -6.747 600.947 -35106 -8.355 -0.390 8.207 23929.9 
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dCEE 7,018 45.157 2777.41 -2532.3 0.188 6.003 13.751 232536 
dCEQ 7,018 -1.076 162.708 -1443.1 -26.150 5.465 31.532 1280.50 









Table 15 Empirical Results – pooled OLS on Sample (1) 
Variable ROA ROE MB 
Intercept 0.000 -0.151*** -2.258*** 
VAIC 0.011*** 0.048*** 0.367*** 
VAIC20 0.008* 0.022* 0.026 
2020 -0.074*** -0.164* -1.144 
LABOR 0.043*** 0.138*** 3.255*** 
LABOR20 0.069* 0.160 1.467 
CAPITAL -0.012 -0.039 -0.021 
CAPITAL20 -0.056 -0.139 4.728 
R 0.313*** 0.547*** 7.747*** 
R20 -0.089 -0.590 7.008 
RDC 0.096** 0.137 -0.883 
RDC20 -0.043 -0.358 12.144 
INTAN -0.013 -0.057*** 0.365 
INTAN20 -0.007 0.052 0.900 
LEV -0.003*** -0.002***  
LEV20 0.001 0.002  
SIZE 0.000 0.002** -0.018 
SIZE20 0.002* 0.002 0.090 
BV   -0.029** 
BV20   -0.023 
DNI   0.038* 
DNI20   0.056 
Industry effects Yes Yes Yes 
Observations 2,178 2,178 2,178 
Adjusted R2 0.599 0.339 0.196 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
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Table 16 Empirical Results – decomposed VAIC, pooled OLS on Sample (1) 
Variable ROA ROE MB 
Intercept -0.026 -0.248*** -2.850*** 
HCE -0.005* -0.003 -0.046 
HCE20 -0.009 -0.034 -0.025 
SCE 0.108*** 0.409*** 2.527*** 
SCE20 0.101** 0.347** -0.979 
CEE 0.100*** 0.221*** 3.539*** 
CEE20 0.014 0.056 2.068 
2020 -0.070*** -0.177 0.335 
LABOR -0.019* 0.064 0.668 
LABOR20 0.073* 0.172 -1.248 
CAPITAL 0.032* 0.007** 1.953** 
CAPITAL20 -0.034 -0.097 5.454 
R 0.212*** 0.492* 3.445* 
R20 0.148 0.191 -0.425 
RDC 0.083** 0.102 -1.282 
RDC20 -0.025 -0.289 11.603 
INTAN -0.063*** -0.152*** -1.447*** 
INTAN20 -0.017 0.002 0.243 
LEV -0.003*** -0.001  
LEV20 0.000 0.001  
SIZE 0.001** 0.003*** 0.007 
SIZE20 0.001 0.000 0.061 
BV   -0.010 
BV20   0.002 
DNI   0.028 
DNI20   0.055 
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Industry effects Yes Yes Yes 
Observations 2,178 2,178 2,178 
Adjusted R2 0.679 0.427 0.262 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
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Table 17 Empirical Results – pooled OLS on Sample (2) 
Variable ROA ROE MB 
Intercept 0.013 -0.043** 1.692*** 
VAIC 0.007*** 0.022*** 0.089*** 
VAIC20 0.004* 0.017* -0.044 
2020 -0.037** -0.096 -1.031 
LABOR 0.023*** 0.062*** 1.241*** 
LABOR20 0.027 0.062 -0.226 
CAPITAL -0.049*** -0.192*** -0.267 
CAPITAL20 0.001 0.030 1.990 
R 0.114*** 0.041 2.376*** 
R20 -0.037 -0.344 4.001 
RDC 0.017 0.074** -0.022 
RDC20 0.017 -0.001 7.985** 
INTAN 0.022*** 0.013 1.143*** 
INTAN20 0.009 0.078 2.793** 
LEV -0.002*** -0.002***  
LEV20 0.001 0.003  
SIZE 0.000* 0.005*** -0.060*** 
SIZE20 0.001 -0.001 0.137*** 
BV   -0.007 
BV20   0.009 
DNI   0.032*** 
DNI20   0.034 
Industry effects Yes Yes Yes 
Observations 5,871 5,871 5,871 
Adjusted R2 0.373 0.131 0.141 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
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Table 18 Empirical Results – pooled OLS model on Sample (2) 
Variable CAR CAR 
Intercept -0.0159*** -0.0225*** 
dVAIC 0.0000 0.0000 
dCEQ 0.0000*** 0.0000*** 
dNI 0.0001 0.0001** 
2020  0.1048*** 
dVAIC20  0.0013 
dCEQ20  -0.0014* 
dNI20  -0.0001 
Observations 5,416 5,416 
Adjusted R2 0.001 0.007 




Table 19 Empirical Results – decomposed VAIC, pooled OLS on Sample (2) 
Variable ROA ROE MB 
Intercept -0.028*** -0.212*** 0.853*** 
HCE -0.002*** -0.017*** -0.124*** 
HCE20 -0.003 -0.002 0.028 
SCE 0.109*** 0.463*** 2.023*** 
SCE20 0.067*** 0.176** -1.197 
CEE 0.066*** 0.174*** 1.948*** 
CEE20 0.008 -0.024 0.878 
2020 -0.048*** -0.112* -0.520 
LABOR 0.020*** 0.134*** 0.515* 
LABOR20 0.049** 0.149* -1.269 
CAPITAL -0.042*** -0.210*** 0.255 
CAPITAL20 -0.030 -0.071 1.669 
R 0.126*** 0.176*** 2.119** 
R20 0.019 -0.142 2.034 
RDC 0.021** 0.083*** 0.124 
RDC20 0.010 -0.029 7.829** 
INTAN -0.022*** -0.101*** -0.255 
INTAN20 -0.002 0.087 1.739 
LEV -0.002*** -0.001*  
LEV20 -0.001 -0.002  
SIZE 0.000** 0.004*** -0.051*** 
SIZE20 0.001 -0.002 0.158*** 
BV   -0.001 
BV20   0.017 
DNI   0.025*** 
DNI20   0.009 
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Industry effects Yes Yes Yes 
Observations 5,871 5,871 5,871 
Adjusted R2 0.461 0.273 0.195 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
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Table 20 Empirical Results –  decomposed VAIC, pooled OLS model on Sample (2) 
Variable CAR CAR 
Intercept -0.0161*** -0.0228*** 
dHCE -0.0001*** -0.0001*** 
dSCE 0.0000 0.0000 
dCEE 0.0001*** 0.0001*** 
dCEQ 0.0000*** 0.0000*** 
dNI 0.0001*** 0.0001** 
2020  0.0956*** 
dHCE20  0.0040 
dSCE20  -0.0014 
dCEE20  -0.0011 
dCEQ20  -0.0015* 
dNI20  -0.0001 
Observations 5,416 5,416 
Adjusted R2 0.003 0.013 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.  
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Table 21 Empirical Results – pooled OLS on Sample (3) 
Variable ROA ROE MB 
Intercept 0.004 
-0.138** 0.376 
VAIC 0.008*** 0.023*** 0.101*** 
VAIC20 0.002 0.012 -0.078 
2020 -0.022 -0.062 -0.444 
LABOR 0.020*** 0.079*** 1.516*** 
LABOR20 0.024 0.051 0.094 
CAPITAL -0.045*** -0.176*** -0.413 
CAPITAL20 -0.013 -0.032 0.396 
R 0.078*** -0.106* 1.036 
R20 -0.058 -0.253 8.402* 
RDC 0.015 0.056* 0.406 
RDC20 -0.030 0.031 4.811 
INTAN 0.026*** 0.004 1.213*** 
INTAN20 0.002 0.090* 1.199 
LEV -0.002*** -0.004***  
LEV20 0.000 0.005**  
SIZE 0.001*** 0.009*** -0.054*** 
SIZE20 0.001 -0.005 0.122*** 
BV   0.001 
BV20   -0.024 
DNI   0.037*** 
DNI20   0.044 
Industry effects Yes Yes Yes 
Observations 7,018 7,018 7,018 
Adjusted R2 0.329 0.134 0.134 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
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Table 22 Empirical Results – pooled OLS model on Sample (3) 
Variable CAR CAR 
Intercept -0.0089** -0.0185*** 
dVAIC 0.0000*** 0.0000*** 
dCEQ 0.0000*** 0.0000*** 
dNI 0.0000 0.0000 
2020  0.1286*** 
dVAIC20  -0.0004 
dCEQ20  -0.0013 
dNI20  -0.0001 
Observations 6,446 6,446 
Adjusted R2 0.001 0.01 




Table 23 Empirical Results – decomposed VAIC, pooled OLS on Sample (3) 
Variable ROA ROE MB 
Intercept -0.046** -0.336*** -0.642 
HCE 0.000 -0.006 -0.096*** 
HCE20 -0.006*** -0.009 0.024 
SCE 0.087*** 0.341*** 1.708*** 
SCE20 0.083*** 0.214** -1.493 
CEE 0.069*** 0.188*** 2.329*** 
CEE20 0.014 -0.012 0.601 
2020 -0.043*** -0.104* 0.023 
LABOR 0.003 0.088** 0.297 
LABOR20 0.051** 0.152** -0.718 
CAPITAL -0.031*** -0.159*** 0.298 
CAPITAL20 -0.025 -0.072 0.412 
R 0.077*** -0.061 0.511 
R20 0.005 -0.011 6.420 
RDC 0.022** 0.079*** 0.622* 
RDC20 -0.010 0.087 4.953* 
INTAN -0.023*** -0.131*** -0.540** 
INTAN20 -0.013 0.098 0.588 
LEV -0.002*** -0.003***  
LEV20 -0.001 0.001  
SIZE 0.001*** 0.008*** -0.041*** 
SIZE20 0.000 -0.006** 0.143*** 
BV   0.011 
BV20   -0.011 
DNI   0.029*** 
DNI20   0.039 
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Industry effects Yes Yes Yes 
Observations 7,018 7,018 7,018 
Adjusted R2 0.418 0.241 0.195 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
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Table 24 Empirical Results –  decomposed VAIC, pooled OLS model on Sample (3) 
Variable CAR CAR 
Intercept -0.0090** -0.0185*** 
dHCE 0.0000 0.0000 
dSCE 0.0000 0.0000 
dCEE 0.0000 0.0000 
dCEQ 0.0000*** 0.0000*** 
dNI 0.0000 0.0000 
2020  0.1340*** 
dHCE20  0.0032* 
dSCE20  -0.0001*** 
dCEE20  -0.0007 
dCEQ20  -0.0017* 
dNI20  0.0000 
Observations 6,446 6,446 
Adjusted R2 0.001 0.015 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
 
 
